This paper presents an adaptive fuzzy control algorithm for the control of the solder paste stencil printing stage of surface mount printed circuit board assembly. The proposed method of automatic solder paste stencil printing consist of four blocks fuzzy feature extraction, defect classi cation of paste deposits, adaptive fuzzy rule-based model identi cation and subsequently an optimal control action for the stencil printing process. Experimental results are presented to illustrate the capability o f t h e algorithm.
INTRODUCTION
Surface mount technology (SMT) is the dominant methodology in the assembly of sophisticated electronic devices 3]. It involves bonding electronic packages to printed circuit boards (PCBs) via solder paste pads. The solder deposits are accurately placed on the PCB by stencil printing, however, faults in the printing process are a major source of board failure. There will be signi cant economic bene ts from enhanced product yield, if the process is controlled more accurately.
The small amount of solder that attaches a surface mount component to the circuit, serves as both the electrical and mechanical means of connection. In the SMT process, the most critical step is the solder paste stencil printing stage. If the correct amount of paste is not applied at this stage, later process steps cannot correct the situation. The solder paste stencil printing process is complex and has a numberof parameters that can in uence the nal quality of the solder paste deposit.
To produce better solder paste deposits and to automate the process of stencil printing, the algorithm presented in this paper is proposed. The block diagram for control of the solder paste stencil printing stage of SMT is illustrated in fuzzy rule-based system and d) optimal controller. The following paragraphs describe the indicated elements of the proposed block diagram.
Applying a set of parameters P k to the printer produces a print w h i c h c a n b e mapped to image space using a fast laser scanner. To reduce the dimensionality of the image space, each image will be transformed into a fuzzy feature vector V k . A set of m fuzzy geometrical features for each image is used to perform the conversion from range image data to feature vector V k . This procedure is considered as mapping from parameter space P k into feature vector V k , i.e. P k 7 ! V k .
To have an intuitive understanding of the above mapping, it is desirable to alter the feature vector V k into defect class membership functions (CMFs) U k , using a classi cation method. We used the fuzzy c-mean algorithm to perform this transformation. The resulting output produces q classes which ranged from ideal to bad where the CMF of each image represents the degree of membership into each class. Figure 2 illustrates a 3-D image of solder paste deposits on a PCB representing typical defects. The ideal shape of paste deposits is shown in the second row.
When direct mapping from P k to U k , generated from two separate mappings i.e. P k 7 ! V k 7 ! U k is established, it enables us to create a model for the printing process using a fuzzy rule-based system (FRBS). FRBSs have demonstrated their capability f o r nonlinear function approximation. From the large set of experimentally obtained, input-output (P k ,U k ) data, it is clear that the printing process produces a nonlinear response. Hence, a FRBS is ideally suited to modelling the nonlinear behavior of the stencil printing process.
To take into account the e ect of unknown parameters and uncertainty in-volved in the printing process, the model identi cation will beaccomplished employing an adaptive FRBS 7] . It will ensure that the error generated from the output of the model,Û k , and CMF U k is minimized.
The requirement of the printer producing high quality output (paste deposit)
can be translated into having a CMF with the highest value in the class of ideal deposit shape. Therefore the control action for each consequent print P k+1 will be in the form of settings that maximize the CMF for the ideal class based on the generated fuzzy model for the printer.
The presented work in this paper gives a brief introduction to the stencil printing stage of surface mount assembly process followed by a description is removed and the PCB is ready for component placement. To i n vestigate the quality o f e a c h p r i n t, the paste deposited on each P C B w i l l bescanned using a fast laser scanner. Producing a digital image of the paste deposit. In the following sections, a short introduction to digital images and the conversion of each image to a set of fuzzy features is given.
FEATURES EXTRACTION

DIGITAL IMAGES
A digital image, I(x y), is characterized by a N x N y matrix of grey levels. The elements of this matrix are in certain bounds i.e. I(x y) 2 f G l G l + 1 : : : G h g where G l and G h are the lowest and highest grey values of pixels respectively.
To enhance the contrast of the digital image so that all grey-levels of grey-scale are utilized, contrast stretching 13] is performed by rst shifting all the values so that the lowest grey value begins at 0, i.e. add to every pixel the di erence between the new low v alue, 0, and the initial lowest value, G l . Next, all pixels are scaled by reassigning all the values by a factor 255=(G h ; G l ). Thus, an image I is stretched to the full range of grey-levels i.e. I cs (x y) 2 0 1 2 ::: 255. 
Various geometrical properties of (I(x y)) are de ned by Rosenfeld 12] . { Area: The area, a( ), of a fuzzy subset of (I(x y)) is de ned as follows:
{ Perimeter: For a digital image with a fuzzy subset of (I(x y)) the perimeter is de ned by: p( ) = X y X x j (I(x y)) ; (I(x + 1 y ))j + X x X y j (I(x y)) ; (I(x y + 1 ) ) j (4) where the membership values of two adjacent pixels are subtracted and the absolute di erences are added.
{ Compactness: The compactness of a fuzzy subset of (I(x y)) having area a( ) and perimeter p( ) is de ned by:
{ Height and Width: The height, h( ), and width, w( ), of a fuzzy subset of (I(x y)) are de ned by:
h( ) = X y fmax x (I(x y))g (6) and w( ) = X x fmax y (I(x y))g (7) { Length and Breadth: The length, l( ), and breadth, b( ), of a fuzzy subset of (I(x y)) are de ned by: l( ) = m a x y f X x (I(x y))g (8) and b( ) = max x f X y (I(x y))g (9) { Index of Area Convergence: The index of area convergence of a fuzzy subset of (I(x y)) is de ned as follows:
To classify di erent images corresponding to disparate types of deposit, each image is represented by its fuzzy features explained above and the classi cation methods will take place on this vector. Therefore, an image I with its fuzzy values (I(x y)) is represented by the fuzzy geometrical feature vector, V k . 
FUZZY C-MEANS CLUSTERING
The fuzzy clusters can be characterized by a q ; class membership function (CMF) matrix U = uk], whose entries satisfy the following conditions: q X =1 uk = 1 k = 1 2 : : : ;
(12) 0 < ; X k=1 uk < ; `= 1 2 : : : q (13) where uk is the grade of membership for V k object in the`th cluster.
In FCM, cluster centers are determined rst at the learning stage, and then the classi cation is made by the comparison of distance between the incoming feature and each cluster center. At the learning stage, cluster centers are obtained by the minimization of a cost function given below:
J( U C) = ; X k=1 q X =1 (uk) } jjV k ; C`jj 2 1 } < 1 (14) and usually } = 2 where C = fC 1 C 2 :::: C` ::: C q g are q vectors of cluster centers with C`= c 1 c 2 : : : c m ] T representing m features for the center of the`th cluster.
The following algorithm is used 17] to determine the CMFs of each object to a cluster. can be achieved using a number of di erent modeling approaches. It has been proved that fuzzy rule-based systems (FRBSs) with the structure given in the following subsection are universal approximators 15], i.e. they are capable of capturing the nonlinear characteristics of any complex process.
FUZZY RULE-BASED SYSTEMS
The FRBS model we use (p inputs and q outputs) is in the following form.
R i : I f p 1 k is (Ã 1 i ) k and ... p j k is (Ã j i ) k ... and p p k is (Ã p i ) k , t h e n u 1 k is (B 1 i ) k and ...
where R i is the label of ith rule, p j k : j = 1 2 : : : p is the jth parameter and uk :`= 1 2 : : : q is the`th CMF values of defects. (Ã j i ) k (i = 1 2 : : : n and j = 1 2 : : : p ) are membership functions (MFs) of fuzzy labels assigned to each input parameter, and (Bì ) k 2 0 1] are real numbers representing the consequent parameters of FRBS. n, p and q are the numbers of rules, input parameters and number of defect classes respectively. We assume that the universe of variable factors is limited to a lower limit and upper limit bounds, i.e. p j k 2 LL j U L j ] j = 1 : : : p .
Di erent shapes of MF for fuzzy values,Ã j i , can beemployed e.g. triangular or Gaussian. We further assume that the MFs for each input are normal, i.e. 
The`th output of the model,ûk, at the kth print, as a function of printer parameter p j k : j = 1 2 : : : p , i s g i v en in the following equation 15]:
where w i is the rule ring strength given by:
To determine how e ectively and accurately the model can estimate the outputs, the following cost function must beoptimized.
where e k = U k ;Û k . The output of the model,Û k is an estimation of the CMF for the kth print.
To minimize the above optimisation index, the parameters of the FRBS, i.e.
(Ã j i ) k and (Bì ) k must be tuned as new data is available. There are many reported methods for adaptive FRBS 5{7] and we h a ve employed the method reported in 7] where a steepest descent gradient method is used.
PRINT QUALITY IMPROVEMENT
The overall closed loop control systems must bedesigned in such a way that the sensitivity of the print quality to the process parameters is minimized and produces a paste deposit with higher CMF in the class of ideal deposits 2].
The controller task is to produce a set of new parameters P k+1 for the next print based on the data collected from experiment 1 t o k. T o produce a control action the following cost function must be optimized. J control k (P k ) = m i n P k jjU k ; U d k jj 2 (22) where U k is the CMF vector and U d k is the desired CMF for the kth print. U d k is a binary vector with all elements equal to zero except one entry corresponding to the class of an ideal deposit which is equal to one i.e. we w ant t o have a print with CMF of one for the ideal shape.
In our investigation we found that the classes of defects can be limited to three major classes of defects in addition to a class of ideal deposit. Therefore, the fuzzy model of the printing process has q = 4 outputs. 
EXPERIMENTAL RESULTS
An experiment with 25 combinations of 3 printer parameters (p = 3 ) w as conducted. The selected machine parameters are: squeegee angle, squeegee pressure and squeegee speed. The printer parameters for this experiment cover a wide range, chosen to provide data on the machine performance throughout its operational capability. Figure 4 depicts we have a matrix ( V ) of fuzzy features with 8 columns and 25 rows. Using the matrix of fuzzy features as input data, the fuzzy c-mean classi cation has beenconducted to produce the CMF of each paste deposit for a certain class of defects. For the classi cation procedure, q = 4 classes were selected. The CMF values for a single BGA pad are shown in Figure 5 . Comparing the results obtained from the CMF grades with the actual images given in Figure 4 shows that the experiment number9 12 15 20 23 and 24 are producing the highest CMF for the class of ideal deposits (class 4).
Upon evaluation of the CMF of each image, a fuzzy rule-based model for the ideal class was formed. The original fuzzy rule-based model contains n = 25 rules with p = 3 inputs and one output representing the CMF of the ideal class.
After forming the fuzzy model, the parameter values for the next print P k+1 Figure   7 illustrates the results of a con rmation experiment at constant parameter P k settings. The results obtained from the last set of experiment shows that the CMF of new prints are all above 0 :8 w h i c h is considered as an acceptable print. 
